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Administrative Details B stenrorc

AP Attendance Secret Code Canvas Quiz Link

Scan or click to access

Enter this code on Canvas:

"Claude-a-Cola Distilled"

© Important Reminders

v Attendance is mandatory and tracked via the quiz code.

v Slides and additional reading resources will be
posted on Canvas immediately after class.

v Grading for Sprint 2 is in progress.

24 000

Fake Eot Accounts




CS224G - Winter 2026

Lecture Agenda

©

Q

Data as Your Strategic Asset
Why differentiated data is the true moat in the Al era.

6 Sources of Advantage

Strategic foundations from Berkeley Research.

Real-World Success Stories

Deep dives: ElevenlLabs, Harvey Al, Synthesia.

Product Engagement

Building feedback loops into core product usage.

The Data Flywheel Effect

Using LLMs to accelerate feedback quality.

B Stanford

Internal Tools & Details

Why small interactions and internal tooling matter.

Data Quality & Diversity

Not all users are equal; managing bias.

Building Effective Al Agents

Patterns, principles, and workflows (Anthropic).

CS224G Challenges

Call to action for student projects.
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Introduction: Data Is the Real Competitive Edge

Core Thesis

a Stanford

The winners in Al will be the organizations with ongoing access to
highly-relevant, differentiated, quality data.

In a world where all public data is ingested into foundational models, unique data becomes the most critical strategic asset.

2

Longitudinal Engagement

Static datasets are commmodities. You must
build products that earn better data over time
through deep user engagement.

5

Data Access Strategy

Treat data access pathways as a core product
feature. Design workflows that naturally
generate proprietary signals.

Memory Layers

Transform usage data into a compounding
advantage. Memory layers enable
personalized agentic behaviors that generic
models cannot replicate.
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Data's Strategic Value: 6 Sources of Advantage

B Stanford

Modern Al competitive advantage framework (Berkeley Research, 2024). Companies must excel in these six areas to build a sustainable

moat.

Differentiation of Data

Proprietary, industry-specific data sets that
generic models lack. The foundation of unique
value.

7~
R

Capability Reinvention

Reimagining end-to-end workflows rather than
just automating tasks. Fundamental process
change.

A Strategic Impact

Firms strong in all six areas delivered a 10.7 percentage point higher Total Return to Shareholders (TRS) in 2023.

Strength of Digital Core

Moving from Buyer (API user) - Booster
(Fine-tuner) » Builder (Custom architecture).

[}

External Partnerships

Ecosystem approach. Integrating best-of-breed
tools and data partners. No one builds alone.

a4

Rate of Learning

Speed of organizational adaptation and model
improvement loops. Continuous retraining
cycles.

0

Level of Trust

Responsible Al practices, safety guardrails, and
transparency. Critical for enterprise adoption.
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Real-World Success Stories (2025-26)

nr Voice Al

ElevenLabs

Enterprise Voice Generation

~$330M

Annual Recurring Revenue

© Fortune 500 deployments handling 50k+
calls/month

© Grew from $100M to $330M ARR in just ~5
months

The Strategic Pattern
@ Success comes from proprietary vertical data combined with deep enterprise integration—solving high-value

» Legal Tech

Harvey Al

Legal Workflow Automation

15-25 hrs

Saved Per Lawyer / Month

© ~50% reduction in due diligence review
time

(]

Tied to measurable ROI, not just "efficiency"

problems that generic models cannot address.

a Stanford

T Al Video

Synthesia

Enterprise Video Platform

~$4B

Valuation (2025)

© $100M+ ARR driven by enterprise training
scale

© Replaces studio production with Al avatars
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Data Is NOT Oil

Why the "new oil" analogy breaks down in the modern Al era

The Commodity View

Fungible & Generic

Qil is identical everywhere. One barrel is the same as another.

Volume Wins

Success is purely about quantity extracted.

Static Value

Doesn't change based on who uses it or when.

The Old Model
"Data is just raw material to be mined."

CS224G: Data Strategy & Memory Layer for Al Agents

VS

The Strategic View

Differentiated & Contextual

Value depends entirely on uniqueness and relevance to the specific
problem.

Quality & Curation Wins

1,000 expert labels > TM noisy data points. Signal-to-noise ratio matters.

Time-Sensitive & Living

Data decays. Continuous refresh via feedback loops is essential.

The New Reality
"Data is specialized talent that you must cultivate."

Winter 2026
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Buyer » Booster » Builder B stenrore

The maturity curve of Al data strategy: How companies evolve to build defensible moats.

2 "‘
2 e

B x4 Builder
-

Max Differentiation

© Booster
Building custom models & architectures on
Buyer Medium Differentiation proprietary data pipelines.
Low Differentiation Integrating proprietary data via RAG or Full control over weights & bias
fine-tuning existing models. Unique capability set
Using off-the-shelf models via API (OpenAl, Hardest competitive moat to cross
Anthropic) Context-aware responses
pic). Better domain performance Examples: BloombergGPT, Pfizer VOX
Fast speed to market Befensible vie cbiE aeaess Custom 50B param finance model; Internal

o - generative discovery platform.
Commoditized capability Example: Microsoft LLaVa-Med

Zero proprietary advantage Fine-tuned for biomedical imaging in 1 day.

CS224G: Data Strategy & Memory Layer for Al Agents Winter 2026
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Product Engagement: The Core of Data Strategy B stenrore

@® Strategic Principles = Concrete Actions

¥ Build Something People Love

o : ) Instrument Deep Metrics
Engagement precedes insight. You cannot collect high-quality data

from a product nobody uses. Utility drives the data engine. Don't just track DAU. Measure feature adoption depth, session
length, and repeat usage of specific tools.

l~ Longitudinal > Transactional Retention  Depth  Adoption

One-off trials provide noise. Defensible datasets come from sustained
usage patterns over time (retention = data depth).

Tie Engagement to Data Value

Create dashboards that correlate user activity directly with the
volume and quality of proprietary data captured.

"A perfect data strategy on a product no one uses is worse than no

strategy on d popular product. - Goal: Turn usage into a proprietary asset.
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Make Feedback Inherent in Usage

Seamless Integ ration
Integrate editing and annotation tools directly into the product flow. Don't force

users to leave their context to provide data.

Instant Gratification
Trigger the "itch to fix." Show corrections immediately in the Ul. The user gets a

better product now; you get labeled data forever.

Micro-Prompts
Use low-friction confirmations during natural pause points. "Is this output

helpful?" or "Confirm categorization" requires minimal cognitive load.

CS224G: Data Strategy & Memory Layer for Al Agents

@ Case Study

Google Photos

"Same or Different People?"

Improve your results

Are these the same person?

 Collaborative feel: Users feel like they are organizing
their own memories, not "working" for Google.

+ High Value: The immediate reward is a perfectly
sorted album of a loved one.

v Gamified: Simple binary choice is addictive and fast.

Winter 2026
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User Feedback Techniques B Stanford

®» ) X o

Label Feedback Discrete Feedback Explanations

Users categorize outputs into predefined Simple ratings or binary choices. Easiest for

classes. High signal, low effort for users, best for aggregate quality metrics.
classification tasks.

Prompt users for the "why" behind a rating.
Unlocks deeper insights into model reasoning
failures.

Example: "Is this A (Good), B (Bad), or C (Neither)?" Example: Thumbs Up/Down, 1-5 Star Rating. Example: "Why did you rate this response 1star?"

99 [N pq

Qualitative Feedback Passive Learning Al Overrides

Free-text input for detailed pain points. Inferring preference from behavior. Zero Let users edit the Al's output directly. The
Harder to parse but richest source of new friction but requires careful interpretation of "diff'* becomes the perfect training label.
features/bugs. intent.

Example: "Tell us about your experience.." text Example: Dwell time, clickstreams, re-generating

Example: User corrects a generated email draft
box.

responses. before sending.
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Use LLMs to Improve Feedback Quality Stanford

" Natural Follow-Ups

Deploy agents to clarify ambiguous feedback immediately. "You rated this 2
stars—was it the tone or the accuracy?" captures nuance static forms miss.

The Transformation

Raw User Input

"I hate how it creates these long paragraphs when | just
Summarize Insights asked for a list. It's impossible to scan quickly."

Turn thousands of unstructured comments into actionable themes. LLMs excel
at clustering free-text feedback into prioritized product roadmaps.

e
AR

N2

LLM Processing
“ Extract Rationales to Memory

" " . o . . Structured Memory Update
Parse "why" a user made a correction and store it in their semantic memory

layer. Personalization improves with every interaction. Negative Sentiment  Formatting Issue  Preference: Lists
Unstructured -» Structured "user_preference": "concise_formatting", "preferred_structure™:
E "bullet_points", "avoid": "dense_paragraphs" }

Convert messy qualitative rants into clean, labeled datasets (e.g., categorical
tags, sentiment scores, feature requests) for training pipelines.

Goal: Understand the "Why," not just the "What."

CS224G: Data Strategy & Memory Layer for Al Agents Winter 2026



CS224G - Winter 2026

The Data Flywheel Effect

Users
H Contribute a
Moat o comeioaion v
Improve
Compounds
X Accuracy &
Harder to r_ephcate personalization
over time gains
Defensible
Moat
3|
More Usage Better UX
Generates diverse Attracts more users

longitudinal data

Nl Stanford

Flywheels in Action

= Tesla Autopilot

Every mile driven = edge case data » Autopilot improves -
More cars sold » More data.

»* Grammarly

User accepts correction » Model learns preference -
Suggestions improve » Retention grows.

/¥ Harvey Al

Legal docs processed » Legal nuance learned » Higher
trust » More firms join.

O Success requires immediate user value, not just data extraction.
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Internal Tools Are Product Multipliers Stanford

Real-World Example

A~ Investin Labeling Infrastructure RedCoat Al

Data cleaning and labeling tools are not overhead—they are your ) ) )
factory floor. High-quality tooling leads to high-quality data. Cybersecurity Defense Platform

22 Empower Your Labelers 50% 2X

Whether employees or contractors, giving them superior tools
increases throughput and reduces error rates. Treat them as power
users.

Engineering Effort Iteration Speed

"At Redcoat Al, we devoted equal effort to our internal data
.. labeling tool as our external product. The result was a dataset
& The Multiplier Effect quality our competitors couldn't match."

Better internal tools = faster feedback loops = faster model iteration.
This speed becomes a competitive moat.

Superior threat detection accuracy via human-in-the-loop
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Small Details, Big Impact stanford

User Trust Friction Reduction
AB,  Polish Sets Expectations #  Scamless Feedback
Users judge Al intelligence by interface polish. Tools like Grammarly Feedback shouldn't feel like work. Integrate corrections directly into the
succeed not just on accuracy but on the feeling of professional assistance. workflow (e.g., "Accept Change" vs. "Report Issue").

Make data collection invisible to the user experience.

| "If the Ul feels broken, users assume the model is broken."

Engagement Retention
@  Thoughtful Gamification 4  Immediate Satisfaction
Use social signals and progress tracking carefully. "Ben has more stars Trigger the "itch to fix." When a user corrects an Al error, update the state
than you" works for some, but intrinsic motivation (better results) is instantly. The dopamine hit of fixing chaos drives engagement.

stronger.

Avoid "points for points sake"—tie rewards to value. Latency Kkills the feedback loop. Make it instant.

CS224G: Data Strategy & Memory Layer for Al Agents Winter 2026
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The Give-to-Get Model

D Pioneered by Jigsaw ($142M Exit)
4]
Contribute Data

User uploads proprietary info
(contacts, drawings, contracts)

@&

Earn Points/Credits

System rewards contribution with
virtual currency

@

/

Redeem Al Services

Access premium insights, tools, or
data from others

7

N

]

Modern Al Applications

Legal Tech

Firms share contracts » Get Al review
& benchmarking tools.

Medical Al

Share anonymized records » Get
personalized health insights.

A Critical Considerations

.. Quality Verification: Peer review or
expert validation loops.

3

Compliance: GDPR/HIPAA for
sensitive vertical data.

&

A

N\ Stanford

Architecture

Share CAD drawings » Get generative
design assistance.

Creative Tools

Artists upload portfolios » Get style
transfer capabilities.

Privacy/IP: Robust anonymization &
clear usage rights.

Pricing Balance: Ensure points
hold real value vs. cash.
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Data Quality: Not All Users Are Equal Stanford

* Experts > Novices

Data from professionals (e.g., doctors, senior engineers) contains nuance that
novices miss. 1,000 expert labels beat 100,000 noisy crowdsourced labels.

9 Longitudinal Value

Data from retained users reveals evolution of intent. Understanding how a
user changes over time is critical for personalized memory layers.

'

Experts
igh-Signal Domain
Knowledge

4 Weighting Contributions

Don't treat all data points equally in your loss function. Weight training
samples by the demonstrated accuracy and reputation of the contributor.

o,
-

Consistent Users
Reliable Longitudinal Patterns

Novices / Sporadic
High Volume, Lower Accuracy

Q. How to Identify High-Value Users

° Cross-Validation: Who gets the "hard" o Metadata Analysis: Role, tenure,
cases right? credential verification.

Consistency Score: Variance in repeated Peer Agreement: Consensus with other
similar tasks. high-rep users.
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Diversity, Bias & Representation s o

O

Cautionary Tale

UnifyID Beta Failure

95%

Male Techies
Bay Area

The Consequence

The behavioral biometrics model failed
completely when deployed to broader
demographics. It had overfitted to the
walking/typing patterns of young male
engineers.

Strategic Imperatives

a Know Your Data Gaps

0
-

o4

r

(N

Don't assume your beta users represent your target market. Audit your training data
distribution proactively.

v Don't Outsource Responsibility

Generative Al models have inherent biases. You are responsible for the product layer
output, not the model provider.

¥ Quality > Size

A smaller, balanced dataset outperforms a massive biased one. Prioritize sourcing
diverse, representative samples.

e Doing the hard work to build a diverse dataset isn't just "good

ethics"—it creates defensible product differentiation.
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Building Effective Al Agents

System Architecture

== Workflows

Predefined paths where LLMs are orchestrated by
code. Predictable & consistent.

@ Agents
LLMs dynamically determine their own process &
tool usage. Flexible & autonomous.

3 Core Principles
01 Simplicity in Design
02 Transparency in Planning

03 Well-Documented Tools (ACI)

" Critical Component

Memory Layer for Personalization

@ Prompt Chaining

Decompose tasks into sequential steps where
each output feeds the next input. Ideal for linear
processes with validation gates.

[T Parallelization

Run independent subtasks simultaneously and
aggregate results. Great for voting mechanisms or
multi-perspective analysis.

% Evaluator-Optimizer

Stanford

¥ Routing

Classify input intent and direct to specialized
downstream tasks/models. Optimizes cost and
performance.

&% Orchestrator-Workers

Central LLM breaks down complex tasks, delegates
to worker LLMs, and synthesizes results. Essential
for dynamic problem solving.

One LLM generates a response while another critiques and refines it in a loop. Produces high-quality output

through iterative improvement.
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Project Challenges & Call to Action Stanford

Beyond Chatbots

Conversational chatbots are table stakes. Can you build
an agent that is proactive? Does it know when to ask
guestions?

@ Don't recreate Clippy. Be helpful, not annoying.

Focus & Depth

Don't boil the ocean. Build 2-3 company-defining
capabilities that are deep, vertical-specific, and hard to
replicate.

Project Success Checklist

v Data Strategy First

What proprietary data do you have? How does the feedback loop work?

v Build for Agents
Define tools, memory layer, and evaluation metrics (quality > latency).

v Measure Outcomes

Focus on retention, user engagement, and ROl—not just technical
metrics.

The Startup Reality Check

"If GPT-5 erases your edge, it wasn't a moat. Build with data."




